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Introduction
Modeling the influence of broad-scale landscape features on spawning habitat selection by anadromous salmonids is vital to informing conservation and restoration actions (Burnett and others, 2007) . Fine-scale variation in environmental parameters such as gravel size or hyporheic flow have proven to be good predictors of spawning habitat selection (Geist and others, 2000) ; however, empirical data typically are not available for entire watersheds and may not be collected where spawning activity is absent. Thus, the fine-scale approach may be possible for small, restricted study areas, but is not feasible when modeling spawning habitat for entire watersheds (Hughes and others, 2006; Miller and others, 2008) .
2 Broad-scale landscape features such as geomorphology or gradient have proven useful for predicting spawning habitat of salmonids in various watersheds (Steel and others, 2004; Burnett and others, 2007; Shallin-Busch and others, 2013) . This is not surprising, given that the underlying forces that shape streams, rivers, and lakes in the Pacific Northwest are ultimately a consequence of the local geomorphology, which in turn, influences processes affecting spawning habitat quality (for example, sedimentation). Shallin-Busch and others (2013) used channel gradient, confinement, and width to estimate the quality of spawning habitat for fall Chinook salmon (Oncorhynchus tshawytscha) and found a positive relationship between spawner density and a habitat quality index. Burnett and others (2007) used the aforementioned parameters coupled with land ownership, use, and cover (that is, forested, open, etc.) to illustrate potential spawning habitat of salmonids in coastal Oregon streams. Steel and others (2004) found positive relationships between spawning density and geology, hillslope, and land cover type (that is, agricultural use, grassland, wetland, etc.) in the Willamette River watershed in Oregon.
Habitat restoration projects are abundant in the Pacific Northwest and typically focus on measures to restore salmonid habitat. One way to guide restoration efforts at the watershed level is to use a large-scale approach to identify factors that delineate "good" and "poor" spawning habitat. Restoration efforts in areas of poor spawning habitat are destined for failure, for this reason, by directing restoration efforts toward suitable areas with a high probability to be used, we can increase the likelihood that restoration efforts will be successful (Burnett and others, 2007) .
The Methow River watershed in north-central Washington provides critical habitat for several salmonid species listed under the Endangered Species Act (ESA; National Marine Fisheries Service, 1999). Within the watershed, large-scale projects are underway to restore salmon populations. An ecosystem model is being developed to test hypotheses regarding the potential effects of restoration efforts. The model requires a spawning habitat component that estimates densities of spawners at the reach level as defined by the National Hydrography Dataset (NHD) (U.S. Geological Survey and others, 2011) . We used a linear mixed-model approach to model relationships between redd densities for Chinook salmon and steelhead trout (Oncorhynchus mykiss) and broad-scale landscape features in the Methow River watershed. We used predictive variables such as geology (rock type), slope, land cover, flow type, and sinuosity within the models. The linear mixed-model approach is useful for its predictive capabilities and the potential to be scaled accordingly from the watershed to reach level as defined by the National Hydrography Dataset. The Methow River watershed is a rift-block valley (Waitt, 1972) primarily characterized by Quaternary sediments, intrusive rocks, volcanic rocks, and sedimentary rocks (Stoffel and others, 1991) . Bedrock underlays the basin and is thinly covered by sediments in most areas except for the major river valleys (Konrad and others, 2003) .
Description of Study Area
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Land cover is characterized by evergreen forest in the middle altitudes consisting primarily of lodgepole pine (Pinus contorta), ponderosa pine (Pinus ponderosa), and Douglas fir (Psuedotsuga menziensii). Lower areas are primarily scrublands consisting of bitter brush (Purshia tridentata), big sagebrush (Artemisia tridentata), and various bunchgrass species.
Description of Data and Models
Spatial Data
Reach designations were those established by the NHD (U.S. Geological Survey and others, 2011) . The NHD data used in the models consisted of 10,476 reaches, which averaged 0.73 km (SD = 0.88 km) and ranged from 0.004 to 8.36 km in length. The NHD dataset used in the analyses was nhd24kst_l_17020008. Flow type ("FCODE", table 1) was used as a descriptive variable for type of flow. The primary flow type within the dataset was intermittent streams or rivers. The number of reaches designated as intermittent was an order of magnitude greater than perennial and artificial streams or paths. Each unique FCODE was used as a level of flow type in the model. Reaches without viable spawning habitat or reaches that were not accessible by fishes due to their flow type (that is, aqueducts and pipelines) were removed from the analyses.
Land coverage type was associated with each NHD reach by joining land cover data from the National Land Cover Database (NLCD) (Fry and others, 2011) with intersecting reaches (table 2). All geo-referencing was done using ArcMap  9.3.1. The dominant land cover type within each reach was then designated as that reach's land cover type for use in the models. Two slope metrics were included in our variable set-mean slope and critical slope percentage. Mean slope for each reach was calculated by extracting slope from a Digital Elevation Model (DEM) and referencing slope to reaches at 8-m increments. Critical slope was calculated as the proportion of each reach where slope was less than 8 percent. Burnett and others (2007) suggested that gradients in excess of 7 percent were not suitable for steelhead spawning. Reach sinuosity (linear length from start to end of reach divided by actual length) was calculated from the NHD layer and included as sinuosity for each NHD designated reach. Both primary and secondary rock types were associated with reaches (table 3). The dominant geological rock types were associated with each reach as was done with land cover. Rock type data layers were provided by the U.S. Geological Survey (USGS) Mineral Resources Program (Ludington and others, 2005 ).
In addition to landscape level factors, two binomially distributed categorical factors were included. These were spring effect and hatchery effect. These terms were included to accommodate the order of magnitude difference in redd densities at these locations relative to all other areas. Some of the highest redd densities in the watershed were near Suspension Creek and the two hatcheries (Winthrop National Fish Hatchery and Methow Fish Hatchery near Winthrop, Wash.). Reaches adjacent to Suspension Creek on the Methow River were designated as "1" for spring effect, while all other reaches were designated as "0" for this effect All reaches adjacent to the Methow Hatchery and Winthrop Hatchery were designated as "1" for hatchery effect, while all other reaches were designated as "0" for this effect.
Discharge
Mean annual discharge measured at Twisp (USGS stream gage No. 12449500) was included as a continuous predictor variable to accommodate potential observational errors in the redd count data. Count based observations of redd density likely underestimated the true density of redds, because all redds may not have been observable during a survey. Due to streambed mobilization, redds can be scoured or entombed with sediment during periods of high discharge, and redd counts then become more negatively biased (Montgomery and others, 1996; Jones, 2012) . Mean annual discharge was used to account for this bias. To specifically examine this concern, we regressed redd density on mean annual discharge to explore the potential effect of discharge on redd counts.
Redd Data
We used redd data for steelhead trout collected in 2005-07 and 2009 by the Washington Department of Fish and Wildlife (WDFW). Redd data for spring Chinook salmon were collected from 2005 to 2009 by WDFW. Index areas were developed based on historical spawning data. Index areas were surveyed weekly throughout the spawning season (Snow and others, 2009 ). At the time of peak spawning, non-index areas also were surveyed. Redd counts in non-index areas were added to the redd counts in index areas for a total estimated redd count for each stream. Redd locations were recorded using a handheld Global Positioning System (GPS) unit. Redd densities were calculated for each NHD reach by creating a 75-m-radius buffer along the reach and truncated at the end of each reach for the NHD layer. Redd locations were then joined with this buffer to assign them to a specific reach. Annual redd densities per reach were then calculated as redds per kilometer.
Models
We used a linear mixed model approach similar to the methods of Steel and others (2004) . All models were fit in R (R Development Core Team, 2011) using maximum-likelihood estimation (MLE) to enable model fit comparisons (Zuur and others, 2009) . Redd densities were inflated by one and then log transformed, as their distribution was lognormal. We used Bayesian Information Criterion (BIC) to identify the best fit model (Schwarz, 1978) . We used a backward step-wise strategy for model selection (Zuur and others, 2009 ). We initially fitted three models to redd density data. The three models were (1) a main effects model with all predictive variables, (2) a main effects model with all predictive variables with reach as the random intercept, and (3) a main effects model with all predictive variables with reach as the random intercept and year as the random slope. Random slope and intercept models were fit to the data to account for potential variation in redd density within reaches between years and potential differences in effects of landscape factors on redd density across the study area. The model with the lowest BIC value was selected and each predictor was then removed in an iterative process, one at a time, and each reduced model was compared to the full model using BIC (Schwarz, 1978) . If the removal of a variable resulted in a lower BIC value, the variable was removed from the model. This process was repeated until removal of variables was no longer supported. Year was used as the random slope variable and reach was used as the random intercept. Model selection was again based on BIC. Akaike Information Criterion (AIC) was included in results for comparative purposes (Akaike, 1973) . Residuals of the final model were examined to verify the assumption of homogeneity of variance (Zuur and others, 2009 ). In addition; single-variable mixed effects 5 models with random slope and random intercept were fit to the data to examine which variables had the greatest influence on redd densities. Once the best fit model was selected, redd densities were predicted for each reach and year. Predicted redd densities were then joined with the NHD data, and mapped to gain insights from the predicted spatial distribution of redds throughout the watershed.
Results
Steelhead Trout
Single-variable mixed models for steelhead trout indicated that spring effect, flow type, and hatchery effect were the most important variables (tables 4 and 5). Year was included as the random slope term and reach was included as the random intercept. The spring effect singlevariable mixed model was 909 BIC units better than the next best model (table 4). After flow type and hatchery effect models, all other single-variable models accounted for similar amounts of variation in the data. Primary rock type and sinuosity models explained the least amount of variation in the data.
We present the top three models based on BIC in table 6. All other models had BIC values that were at least 100 units greater than these three models. MLE did not converge when primary rock type was included as a predictor; therefore primary rock type is not represented in the set of candidate models (table 6) . The best fit model of redd density for steelhead trout included random effects, with a slope adjustment for year and an intercept adjustment for reach. Other predictive variables included in the best model were land cover type and flow type. Hatchery effect and spring effect also were retained in the model (table 6) . High redd densities were predicted in the Suspension Creek area and several reaches in the Twisp River near Little Bridge Creek ( fig. 1) . The model fit the data well with only slight negative bias and approximately normal residuals (fig. 2) ; however, the model did predict occurrence of redds in reaches where they were not observed. Two patterns were apparent in reaches where redds were predicted, but not observed. In the first instance, redds were observed during low-flow years but not during high-flow years in the same reach. Steelhead trout mean annual redd density was negatively correlated to discharge ( fig. 3a, r 2 =0.9065, p=0.032), indicating that the discrepancy in predicted redd occurrence may be explained by observer error. In the second instance, redds were predicted to occur, but were not observed within the reach throughout the study period. This could be because predicted redds occurring in locations that were not sampled throughout the study period.
Spring Chinook Salmon
Single-variable mixed models for spring Chinook salmon redds indicated that flow type, slope, and land cover type were the most important variables (tables 7 and 8). Year, secondary rock type, and primary rock type all provided a worse fit to the data than the intercept-only model. Spring effect and hatchery effect models showed much less variation for the spring Chinook salmon data than for the steelhead trout data.
The best fit model for red density for Chinook salmon included sinuosity, critical slope, land cover type, flow type, and hatchery effect (table 9), with reach a slope adjustment for year and an intercept adjustment for reach. The highest redd densities were predicted to occur in the Upper Methow and Chewuch Rivers upstream of Winthrop (fig. 4) . The model provided a good 6 fit to the data with slight negative bias ( fig. 5 ). Similar to the steelhead trout model, the spring Chinook salmon model predicted redds to occur in reaches where redds were either not observed in all years or were not observed in some years. Sinuosity and critical slope variables were retained in the final spring Chinook salmon model but were not retained in the steelhead trout model. As with steelhead, spring Chinook salmon redd densities and discharge were negatively correlated, with the exception of 2006, which had the highest observed spawning density for spring Chinook salmon and the second highest discharge during the time period (fig. 3b) .
Discussion
Our models proved useful for predicting redd densities of steelhead trout and spring Chinook salmon in the Methow River watershed with the use of broad-scale, landscape-level predictors. Land cover type, flow type, and hatchery effect were the strongest predictors of redd density for both species. In both datasets, woody wetlands and emergent herbaceous wetland areas were predicted to have the highest density of redds.
Primary and secondary rock types were excluded from the best fitting models for both species. This contrasts with findings by Steel and others (2004) . They reported alluvium to be a good predictor of redd density within the Willamette River watershed. Differences in basin geology may explain our different results. For example, the Willamette River watershed is located on the western slope of the Cascade Range, whereas the Methow River watershed is farther north and on the eastern slope of the Cascades. Although the Methow River watershed is typical of glacial basins, the Willamette River watershed uniquely consists of massive alluvial deposits made during the catastrophic Missoula Floods. Bedrock formations of the two basins are quite different as well.
Models for both species predicted redds in reaches where they were not observed. This could be attributed to three potential reasons: (1) low spawner abundance; (2) observational error in redd counts; or (3) inter-annual variations (that is, between redd count methods). The current (2013) population level of both species is relatively low; thus, all potential spawning habitat is unlikely to be used. In spite of this, some areas are observed to have extremely high redd densities. In these areas, redd superimposition might be occurring, suggesting that the models did not capture ecological or behavioral preferences that have evolved over the past 5,000 years (Waples and others, 2008) . Preferences for these areas are likely driven by fine-scale environmental cues that we were not able to include in the modeling process due to the scale of our modeling. However, the models performed very well at the watershed level.
Besides the issue of low spawner abundance, redd counting errors also may have contributed to error in our model predictions. As an estimate of the total number of redds constructed in a reach, redd counts tend to be negatively biased for a number of reasons (Gallagher and Gallagher, 2005; Muhlfeld and others, 2006; Jones, 2012) . For instance, the number of redds that remain observable and available to be counted is expected to be lower in years with higher discharge, due to geomorphic processes of scour and entombment (Jones, 2012) . The strong linear relationship between mean annual discharge and the observed densities of steelhead trout redds ( fig. 3a) generally supports this hypothesis. If the 2006 data point is removed for spring Chinook salmon, a similar pattern is evident ( fig. 3b) . During high-flow years, redds may not have been as visible, and consequently, not counted. Thus, imperfect detection of redds could result in redds being predicted where none were observed. In addition, redd densities were not correlated with number of spawners passing over Wells Dam during the study years, which suggests the possibility of observational error.
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Redd densities of both species were influenced by hatcheries, and the hatchery effect was retained in both models. The flow types associated with these areas, for example, manmade ditches or canals, contributed to the positive relationship between medium developed areas and redd densities (tables 5 and 8). Wild fish would likely not choose these areas or at least not use them to such a high degree.
Although we did not explicitly model hyporheic flow, the sinuosity term may capture some of this effect due to the relationship between channel complexity and hyporheic flow (Shallin-Busch and others, 2013). Additionally, more complex or sinuous reaches have lower probability of experiencing scour events that may increase egg mortality (Montgomery and Buffington, 1997) , thereby providing better spawning and rearing habitat. Sinuosity explained the least amount of variation in redd density for steelhead trout. In contrast, sinuosity was retained in the final model for spring Chinook salmon. This may be attributed to the differences in the spatial distribution of redd density. Few Chinook salmon redds were observed in the lower mainstem of the Methow River, whereas steelhead trout redds were observed in areas farther downstream in the watershed, which is much less sinuous than areas upstream ( figs. 1 and 4) .
The focus of this study was to use landscape-level variables to predict redd density in the Methow River watershed using readily available landscape-level data. The simplicity of our model will allow it to be incorporated into larger ecosystem-based modeling platforms. Although a more complex model could be developed to include locations of known springs, more precise habitat designations, and water temperature, our models captured the primary variables influencing redd density. Water temperature data over the years we examined at the spatial scale needed for our analysis are lacking, but data collection efforts have been recently enhanced. If sufficient data becomes available in the future, the addition of water temperature may improve model performance. [National Hydrography data from U.S. Geological Survey and others (2011) [National land cover data from U.S. Geological Survey (2011) Table 6 . Model selection results for mixed models predicting steelhead trout redd density, Methow River watershed, Washington.
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